Background-Outpatients with heart failure (HF) who are at high risk for HF hospitalization and/or death may benefit from early identification. We sought to develop and externally validate a model to predict both HF hospitalization and mortality that accounts for the semi-competing nature of the two outcomes and captures the risk associated with the transition from the stable outpatient state to the post-HF hospitalization state.
Methods

Model Derivation Cohort
The prediction model was developed from the Heart Failure Endpoint evaluation of Angiotensin II Antagonist Losartan (HEAAL) study cohort 26 . HEAAL was an international, multicenter, randomized trial of low dose (50mg) versus high dose (150mg) losartan in stable outpatients with HF with reduced ejection fraction. The study methods and population characteristics have been described previously 26, 27 . To be enrolled in the trial, participants had to have New York Heart Association (NYHA) Class II-IV HF with left ventricular ejection fraction (LVEF) ≤40%, be on stable cardiovascular therapy for at least 2 weeks at the time of enrollment and be intolerant to angiotensin-converting enzyme inhibitor therapy. The complete list of inclusion and exclusion criteria has been published previously 27 . Participants were enrolled from 55 sites in 30 countries and 5 geographical regions including Western Europe, Eastern Europe, the Middle East and Africa, Asia and the Pacific Region, and Latin America between November 2001 and March 2005. Participants were randomized on a 1:1 basis to the receipt of either 50mg or 150mg of losartan and followed for a median of 4.7 years with the study ending on March, 2009. The study was approved by the institutional review board at each site and all patients provided written informed consent.
Model Validation Cohort
Prediction model performance was assessed using the Sudden Cardiac Death in Heart Failure Trial (SCD-HeFT) cohort. SCD-HeFT enrolled adults with NYHA Class II or III chronic, stable HF with LVEF ≤35% 28 . Participants were enrolled from 125 sites in North America, Australia and New Zealand from September 1997 to July 2001 and were randomized 1:1:1 to receive a single-chamber ICD, amiodarone or placebo and followed for a median of 3.8 years. The study was approved by the institutional review board at each site and all patients provided written informed consent. Model performance was assessed in the entire SCD-HeFT cohort, the intention to treat ICD arm and the intention to treat medical therapy arm (placebo and amiodarone).
Outcomes-HF hospitalization and all-cause mortality were selected as the primary outcomes of interest for the prediction model. The HEAAL study captured all hospitalizations and deaths throughout the duration of follow up 26 . All mortality and hospitalization endpoints were adjudicated by an Endpoint Classification Committee. The current analysis was restricted to the patient's first HF hospitalization after enrollment.
SCD-HeFT collected information on mortality and all hospitalizations throughout the duration of the study. Unlike the HEAAL study, HF hospitalization was not a pre-specified endpoint and thus the causes of hospitalizations were investigator reported and not independently adjudicated. For purposes of this analysis, the investigator reported cause of each hospitalization was used to determine the heart failure hospitalization outcome. hospitalization or mortality in prior studies. Second, binary predictors could not be rare (<5%). Lastly, predictors were only selected if, by a consensus of the investigators, it was believed they could be reliably assessed with little inter-observer variability in routine clinical practice and are routinely collected in a stable heart failure population. The following variables, which were collected at the time of enrollment, were included in the multi-state model: age, gender, NYHA class (binary outcome III vs II), LVEF as assessed by echocardiogram (%), serum creatinine (mg/dl) and serum sodium (mEq/L), systolic blood pressure (SBP) (mmHg), weight (kg), history of diabetes (DM), ischemic heart disease (IHD), atrial fibrillation (AF) and prior stroke.
Sample Size-There were three total transitions in the model. We did not use any datadriven variable selection procedures and ensured that there were more than 20 events per degree of freedom per transition to achieve model parsimony and prevent overfitting.
Missing Data-Since there were few missing data in the model development cohort (<1%), a complete case analysis was used.
Multi-state model-Since HF hospitalization and death are semi-competing risks in that death precludes a subsequent HF hospitalization but death can still occur after a HF hospitalization, an illness-death, acyclic, multi-state model was used 24, 25 . In this model, all participants are in the initial state of prevalent HF and are at risk of a HF hospitalization (transition 1) or death without a preceding HF hospitalization (transition 2). In addition, those who were hospitalized for HF are also at risk for death after a HF hospitalization (transition 3). To demonstrate model use, patients in the derivation cohort were grouped by quintile of predicted risk of transition 2 and the predicted probabilities of the patient with the median risk in each quintile were calculated and plotted. To assess model calibration, predicted probabilities for heart failure hospitalization and death were calculated for participants in the external validation cohort, divided into quintiles and compared to observed outcomes of heart failure hospitalization and death at 1,2,3,4 and 5 years of followup.
Statistical analysis-Cox proportional hazards regression was used to model the effect of covariates on the cause-specific hazards of the three state transitions with separate (stratified) non-parametric baseline hazards for transitions into the hospitalization state and into the death state. 24 . For each of the 12 predictors, univariate multistate models were used to compare the model fit with transition-specific coefficients versus identical coefficients for each transition and decisions of whether to include transition-specific coefficients were made by likelihood-ratio testing and comparison of the Akaike information criterion (AIC). No data-driven variable selection procedures were used. Linearity assumptions were assessed for all continuous variables and appropriate transformations performed as necessary. The proportional hazards assumptions were evaluated using log(-log(Survival)) plots and Schoenfeld residuals. Discrimination was assessed by the c-index for time-to-event data with censoring. For both the derivation and validation cohorts, the c-index was calculated for the overall model as well as for hospitalization and death separately. Internal validation was performed by creating 200 bootstrap samples from the original dataset, re-estimating the model coefficients in each bootstrap sample and applying the bootstrapped model coefficients to the original dataset. The optimism of the c-index was calculated as the average difference between the c-index of the 200 bootstrap samples and that of the original sample; this value was subtracted from the c-index to correct for optimism. Calibration was assessed in the validation cohort by dividing the cohort into quintiles of predicted risk of transition 2 and comparing model predicted outcomes of heart failure hospitalization and death to observed outcomes at 1,2,3,4 and 5 years of follow-up. All analyses were performed using R version 3.0.2 and the mstate and survival packages for multistate modeling.
Results
Study Population
Model Development Cohort-Baseline characteristics of the model development and validation cohorts are shown in Table 1 . There were a total of 3834 participants enrolled in the HEAAL trial between 2001 and 2005. All patients were treated with losartan and there was a high use of beta-blockers (72%), moderately high use of aldosterone antagonists (38%) and fairly low use of ICDs (5%) at the time of study enrollment ( Table 1) . Given the small number of New York Heart Association (NYHA) Class IV participants (0.5% of the total population), these participants were excluded as well as 2 participants with NYHA Class I HF and one patient with missing information on NYHA Class, leaving a total of 3809 participants available for model development ( Figure 1 ). Of the 12 predictors of interest, there were few missing data (24 total participants missing data for one or more covariates, 0.6% of the population), thus a complete case analysis was used and the model derived in the remaining 3786 participants.
Validation Cohort-There were a total of 2521 participants enrolled in SCD-HeFT between 1997 and 2001. Patients were well treated with angiotensin-converting enzyme or angiotensin II-receptor blockers (97%) and beta-blocker therapy (69%) with fewer participants on aldosterone antagonist therapy (19%). In general, baseline characteristics of the two cohorts were similar ( Table 1) . As in the derivation cohort, participants with missing data for one or more covariates were excluded (39 participants missing data for one or more covariates, 1.5% of the population), leaving 2482 participants for model validation.
Model development and specification-Of the 3786 participants in the model development cohort, 944 were hospitalized for worsening HF at least once, 757 died without a HF hospitalization, and 528 died at any time after HF hospitalization ( Figure 1 ). Of the 1274 deaths, 926 were adjudicated as CV deaths, 314 as HF deaths and 481 as sudden deaths. Transition-specific covariates were associated with lower model AIC and better model fit by likelihood ratio testing for all predictors except serum sodium. The proportional hazards assumption was met for all 12 predictors. For all 6 continuous variables a linear association appeared reasonable based on Locally Weighted Scatterplot Smoothing curves and was associated with better model fit than piecewise linear or other transformations in univariate multistate analysis. The multivariate effects of the 12 predictors for the three transitions are shown in Table 2 . NYHA Class, sodium, SBP and weight had similar effects on all three transitions in multivariate analysis with higher NYHA Class increasing the risk and higher sodium, SBP and weight decreasing the risk for all three transitions. For the majority of predictors, there was a similar effect of the predictor on the risk of transition 1 (HF hospitalization) and transition 2 (Death) with an attenuated effect of the predictor on the risk of transition 3 (Death after HF hospitalization). Lower LVEF values significantly increased the risk of transitions 1 and 2 with a similar yet attenuated and non-significant trend for transition 3. Similar findings were seen with age, male gender, diabetes, AF and prior stroke. Ischemic etiology increased the risk of death (transitions 2 and 3) with no effect on HF hospitalization risk (transition 1).
Risk prediction-The baseline characteristics of the patient with median risk from each quintile of predicted risk for transition two are shown in Table 3 with the predicted probability of being in each outcome state over 7 years of follow up shown in Figure 2 . In addition, the predicted probability of being in each of the four possible states (alive without HF hospitalization, alive having experienced a HF hospitalization, death having experienced a HF hospitalization, death without HF hospitalization) are listed in Table 3 for the five patients at 1, 3 and 6 years of follow up. As can be seen, the probability of transitioning to these different clinical states varied tremendously in these typical patients. At one year of follow up, patient A (the patient with the median risk from the lowest risk quintile) has a 2.1% predicted probability of death with or without a preceding HF hospitalization and 3.5% probability of HF hospitalization without subsequent death. The same predicted probabilities are 10.4% and 12.5%, respectively for patient E in the highest risk quintile. After six years of follow up, patient A has a 16.8% predicted probability of death either with or without a preceding HF hospitalization and a 10.7% probability HF hospitalization without subsequent death. The same probabilities for patient E at six years are 61.1% and 15.5%, respectively. In addition, composite outcomes can be obtained from the predicted probabilities directly. For patient A, the predicted probability of being alive with or without a HF hospitalization (state 1 or state 2) at 1 year is 98% and the risk of HF hospitalization or death (states 2 and 4) is 4.5% at 1 year. For patient E the predicted probability of being alive with or without HF hospitalization (state 1 or 2) is 89.5% and HF hospitalization or death (state 2 or 4) is 22.1% at 1 year.
Model performance in Development Cohort-The c-index was 0.72 for the entire model. Discrimination was better for the transition states into death (c-index = 0.75) than for HF hospitalization (c-index = 0.68). Dividing the cohort into quintiles of predicted risk and plotting the cumulative incidence of each state revealed a separation of risk of HF hospitalization and death (Figure 3) . Patients in the lowest risk quintile had a 1-, 2-and 5-year risks of death of 0.7%, 1.6% and 4.1% respectively, while patients in the highest risk quintile had a 1-,2-and 5 year risks of dying of 10.2%, 21.6% and 46%.
Internal validation and optimism-corrected performance-The optimism-corrected c-index for the entire model from re-estimating the model parameters on 200 bootstrap samples and reapplying these to the original dataset was 0.72
Model performance in External Validation Cohort-In the entire SCD-HeFT validation cohort (n=2482), the c-index was 0.66 for the overall model. As in the derivation cohort, discrimination was better for the transitions into death (c-index = 0.71) than for HF hospitalization (c-index = 0.62). In the subset of the cohort randomized to ICD (n=829), the c-index was 0.69 for the entire model, 0.77 for death and 0.63 for HF hospitalization. In the subset of the cohort randomized to medical therapy (n=1692), the c-index was 0.63 for the entire model, 0.68 for death and 0.62 for HF hospitalization. Calibration by quintiles of predicted risk of transition 2 in the non-ICD medical therapy arms of the validation cohort (Figure 4) , the ICD arm only ( Figure 5 ) and the entire validation cohort (Supplemental Figure 1) showed overall excellent calibration. For example, in quintile 1 of the medical therapy arm the 1, 2 and 5 year predicted risks of death were 2.3%, 5.3% and 14.4% and observed were 3.6%, 6.9% and 16.1%, respectively. The same predicted risks in quintile 5 of the medical therapy arm were 14.1%, 30.1% and 63.7% and observed were 14%, 30.4% and 60.0% at 1,2 and 5 years respectively. Calibration plots of the "death without HF hospitalization" and "death after HF hospitalization" states combined into one "death" state are shown in Supplemental Figures 2 and 3 .
Updated model with the addition of ICD effect on mortality and implementation tool-The addition of a coefficient (β = −0.26, HR=0.77) for the ICD effect on mortality to the prediction model improved the calibration for mortality in the ICD arm of the Validation Cohort (Supplemental Figure 4) and thus was added to the model as a 13 th covariate. We have created an online calculator that can be found at: tuftsmedicalcenter.org/HFcalc
Discussion
We describe the first multistate model for risk prediction in ambulatory patients with HF, which we have called the Tufts MC HF Risk Model. Using routinely collected demographic, clinical, and laboratory information, we have developed a model that can predict HF hospitalization, all-cause death or the composite of HF hospitalization or death over 7 years of follow-up. We found wide variation in risk with the typical patient in the lowest risk quintile having an excellent 1-year prognosis, while the typical patient in the highest risk quintile had much higher event rates at 1 year. This discrimination between low and highrisk patients continued throughout the 7-year duration of follow up of this cohort. Model discrimination was slightly worse in the validation cohort (c-index=0.66) as compared with the derivation cohort (c-index=0.72) but still in a range of providing clinically useful separation in risk. Since there were few ICDs within the HEAAL population, it was reassuring that discrimination was slightly better in the SCD-HeFT ICD cohort (cindex=0.68). Calibration of mortality was excellent in the validation cohort, particularly in the medical therapy arm. The addition of a coefficient for ICD therapy improved model calibration in the ICD arm, correcting for the near-absence of this evidence-based therapy in the derivation cohort. Several studies have documented that less than 50% of eligible patients receive a primary prevention ICD [29] [30] [31] . The Tufts MC HF Risk Model includes a variable for ICD use, derived by recalibrating the model using the SCD-HeFT cohort, and thus can be used in patients with or without an ICD, although the performance of the updated model with a variable for ICD use requires additional external validation. Finally, while the model appeared to underestimate HF hospitalizations in the validation cohort, the derivation data was based on adjudicated HF hospitalizations whereas our process of interpreting investigator reported causes of hospitalization in the validation cohort may have overestimated the prevalence of this outcome.
Another advantage of using a multistate modeling approach is the ability to compare the effect of predictor variables on each of the individual component outcomes. This study demonstrates the similar effect of many predictors on the outcomes of HF hospitalization and all-cause mortality with an attenuated effect of these predictors on subsequent risk of death after HF hospitalization. Variables were pre-specified for model inclusion because of previous associations with mortality; however, the associations of these variables with HF hospitalization are less well described. We showed that other than ischemic etiology, all the variables that are associated with an increased risk of death are also associated with an increased risk of HF hospitalization. The attenuated effect of known predictors of death in HF on transition 3 may be related to index event bias, whereby conditioning on a first event dilutes the effect of shared risk factors on related subsequent events-since all patients who experience hospitalization are by definition at higher risk 32 . Effect modification or bias related to the fact that all predictors were measured at baseline may also contribute to the attenuated effect of some predictors on the risk of death after HF hospitalization. Notably, this effect is not apparent for NYHA Class, sodium, SBP and weight, in which similar effects were seen for all three transitions.
While there are several published models to predict HF readmission in patients admitted with acute HF, there is only one published model to predict HF hospitalization in ambulatory patients with HF and reduced ejection fraction 23 , and no model includes the competing risk of death thus predisposing to biased risk estimates due to informative censoring 25 . In contrast, multistate models such as the one described here account for transition states, such as HF hospitalization, and absorbing/terminal states, such as death, and allow for valid predictions in the presence of semi-competing risks 25 . This report demonstrates the utility and feasibility of using multistate models to improve prediction of semi-competing events and to gain additional insight into factors that modify risk of outcomes in patients with HF.
Meta-analyses [33] [34] [35] have identified 15-20 published models for the prediction of mortality in ambulatory patients with HF, 4 of which have been externally validated [6] [7] [8] 10 . Some of these models have limited applicability because they include variables that are not routinely collected in the general HF population such as cardiopulmonary exercise stress testing 6, 14, 16, 22 , six minute walk testing 8 , magnetic resonance imaging 17 or research based laboratory tests such as cytokine levels 20, 22 . Several models 7, 11 have more than 20 variables, which may be burdensome to calculate in clinical practice. In addition, some models include variables without precise definitions or with considerable inter-observer variability in routine clinical practice such as physical exam findings 11, 12 or the appearance of left ventricular hypertrophy on electrocardiogram 13 . Many models 6, 7, 12, 13, 15, 16 were developed in cohorts that were not treated with current evidence-based therapy such as betablockers or aldosterone antagonists, which may lead to poor performance in current practice. In contrast, our model was developed in a cohort of patients with high rates of beta-blocker and aldosterone antagonist therapy and only used variables that are routinely collected and reliably assessed in clinical practice. The discrimination of our overall model (c-index 0.72) and for the mortality endpoint (c-index 0.75) are similar to those reported for other mortality models on external validation: the Heart Failure Survival Score (c-index 0.74) 6 , the Seattle Heart Failure Model (c-index 0.73) 7 and the "SHOCKED" model (c-index 0.75) 10 . These models all contain variables not collected in the SCD-HeFT validation cohort; therefore we were not able to directly compare model performance in the same dataset.
We anticipate that our model will be useful to identify patients who are at high risk for a HF hospitalization, who may benefit from more frequent clinic visits, disease management services or aggressive titration of neurohormonal therapy. In addition, patients with an elevated predicted risk for mortality over the next one to two years may benefit from referral to a transplant center in addition to the above interventions. This model can also be used to select patients for inclusion or explore heterogeneity of treatment effect in clinical trials. Finally, this model can be used for risk adjustment for hospitals or providers to identify areas for quality improvement.
Study Limitations
This model was developed in a population with mild to moderate HF symptoms (NYHA Class II-III) and should not be applied to NYHA Class I or IV symptoms or those with a reduced ejection fraction without HF or patients with HF with preserved LVEF. The derivation cohort was enrolled more than 10 years ago, before aldosterone antagonists were routinely used for patients with NYHA Class II symptoms and prior to the use of neprilysin inhibitors or ivabradine. Evaluation of discrimination and calibration on a more contemporary cohort, with model updating if appropriate, would enhance the usefulness of this model. While we recognize this as a limitation of our study, we also recognize that other externally validated models for the prediction of mortality were derived from cohorts enrolled in the same time frame 10 or even older 6, 7 and thus have the same limitations. While our 12 variable model was externally validated in the SCD-HeFT validation cohort, the ICD recalibration effect was derived from the SCD-HeFT population directly and thus the performance of the updated model with a variable for ICD use requires additional external validation. Because of the complexities of modeling recurrent events, our model only includes the first HFH per patient. Finally, some potentially important predictor variables were not collected such as natriuretic peptide levels, baseline diuretic dose and prior HF hospitalization data, which if available may have improved model performance.
In conclusion, we demonstrate the utility of a multi-state modeling approach to predict clinically meaningful semi-competing risks, such as HF hospitalization and death. Multistate models, such as the one we developed, are not subject to informative censoring bias, allow for predictions of related outcomes individually and as a composite and can be useful to explore the effect of predictors on the different outcomes of interest.
Clinical Perspective
The rapidly expanding population of patients with heart failure (HF) is continually at risk for hospitalization and death. Predicting these events is increasingly important in individualizing treatments from disease management to advanced therapies to palliative care. Statistical models that do not account for the competing risk of death can lead to biased prediction of hospitalization. Existing conventional models for predicting hospitalization are limited to the short term, with variables collected during HF admission. We describe the derivation and external validation of a multi-state model for long-term prediction of both HF hospitalization and death in a cohort of patients with symptomatic HF and reduced left ventricular ejection fraction. We observe substantial heterogeneity in risk for both hospitalization and death, across the population. This model contains 13 readily accessible variables, and we have made it openly available, as an online risk calculator. This approach offers improved guidance to clinicians and patients in selecting from among the various available and emerging complex HF management strategies. Prediction probabilities for the patient with the median risk from each quintile of risk for transition 2. The development cohort was divided into quintile of predicted risk for transition 2 (from prevalent heart failure to death). The median patient from each quintile was selected and the predicted probabilities of being alive without heart failure hospitalization, alive after heart failure hospitalization, dead after heart failure hospitalization and dead without heart failure hospitalization are shown. Patient A is the median risk patient in quintile 1 (lowest risk), patient B quintile 2, patient C quintile 3, patient D quintile 4 and patient E quintile 5 (highest risk). Observed cumulative incidence of being in each health state by quintiles of predicted risk in the derivation cohort. Quintile 1 (Q1) refers to the lowest risk quintile and quintile 5 (Q5) refers to the highest risk quintile. HFH refers to heart failure hospitalization. Patients were divided into quintile of predicted risk of transition 2 and the cumulative incidence of being in each health state was plotted. Quintiles of predicted probability and observed outcomes in the non-ICD medical therapy arms of the SCD-HeFT external validation cohort at 1, 2 and 5 years of follow up. Patients were divided into quintile of predicted risk of transition 2 . Quintile 1 (Q1) refers to the lowest risk quartile and quintile 5 (Q5) refers to the highest risk quartile. HFH refers to heart failure hospitalization. Quintiles of predicted probability and observed outcomes in the ICD arm of the SCDHeFT external validation cohort at 1, 2 and 5 years of follow up. Patients were divided into quintile of predicted risk of transition 2. Quintile 1 (Q1) refers to the lowest risk quartile and quintile 5 (Q5) refers to the highest risk quartile. HFH refers to heart failure hospitalization. Table 1 Baseline characteristics of the derivation and validation cohorts 
